In this paper the intelligibility of ideal binary-masked noisy signal is evaluated for different signal to noise ratio (SNR), mask error, masker types, distance between source and receiver, reverberation time and local criteria for forming the binary mask. The ideal binary mask is computed from time-frequency decompositions of target and masker signals by thresholding the local SNR within time-frequency units. The intelligibility of separated signal is measured using different objective measures computed in frequency and perceptual domain. The present study replicates and extends the findings which were already presented but mainly shows impact of room acoustic on the intelligibility performance of IBM technique.
INTRODUCTION
The ideal binary mask is very useful technique for separation mixed signals. There are many speech and audio applications where the desired signal is corrupted by highly correlated noise sources. Separating such signals from their mixture has often been considered as one of the most challenging research topics in the area of speech enhancement [1] . Our present work is aimed at investigation of influence of environment and the origin of the mixed signals on the intelligibility. In many of previous study is shown only impact of noise level, masker type or binary mask error on performance of this technique, but in this article is presented also impact of environment in which are signals acquired. It means the distance between receiver and source, room dimension and reflection coefficients are accepted in evaluation process. All this parameters are simply described using the room impulse response (RIR) which is generated for our test room and test conditions.
The approaches appropriate for solving this issue (source separation) can be divided into two groups: 1) model based method, and 2) source driven or computational auditory scene analysis (CASA)-based method. The first group, model-based separation system is based on statistical models including vector quantization [2] , Gaussian mixture models [3] and Hidden Markov models [3] . The CASA-based methods search auditory scenes in the time-frequency domain which are probably to come from the same sources of speech signals by exploiting the characteristics of human auditory system [4] . The CASAbased methods rely on extracting psychoacoustics cues from the given mixed signals and work in two stages: segmentation and grounding. The ideal binary mask has been set as a computational goal in CASA algorithms and has also been adopted in "missing feature" speech recognition technique. The ideal binary mask takes value of zero and one and is briefly described in the next section. Currently the research groups working on speechseparation problem especially focus on the topic of how to separate speech signal from interfering sounds, including other speech [5] .
The rest of paper is structured as follows: In the next section, the main problem definition is described. It includes specification of ideal binary mask and specification of objective metrics for measuring the intelligibility. The next section is devoted experiments and analyzes. There are described methods, goals of individual analyses and individual results. The last section concludes this article and summarizes achieved results.
PROBLEM DEFINITION
This section is devoted to single channel source separation of mixed signals. Especially to technique based on ideal binary mask. Because of is suitable to compare achieved results under different test conditions the value of intelligibility have to be measured. Therefore, in this section are presented objective metrics for intelligibility assessment. It is focused on perceptual evaluation of speech quality (PESQ), segmental version of SNR (SNRS) and on the sort-time intelligibility measure (STOI).
Single Channel Source Separation
The approaches for signals separation can be divided based on number of microphones which are included in process of signal acquisition. In case of only one microphone is available a process of separation is called the single channel source separation. Separating different speech or audio signals using single-channel approach is very challenging topic and can be defined as follows:
where S is the observed input matrix of mixtures S = [s 1 (t), s 2 (t), . . . , s M (t)] and X represents matrix of original source signals X = [x 1 (t), x 2 (t), . . . , x N (t)]. The symbol A is a mixing matrix which is corresponding to the mixing conditions and M is the number of inputs (microphones). In a single-channel separation case (M = 1 ), the number of mixtures is one and equation (1) can be simplified to equation (2) where N represents the number of sources which contribute to input signal s(t), e(t) is additive noise and x n (t) is the n th source signal at time t.
Formula (2) is graphically represented by top block of Fig. 1 which shows flow chart of single channel source separation (SCSS) and is divided into two main blocks. This block shows process of data acquisition, in other words the creation of mixtures and signal capture. Sources or original signals produce input signal s(t) which can be written in vector notation as s = g(x 1 , x 2 , . . . , x N ), where g is some possibly non-linear and stochastic mixing process. The bottom block represents data processing to achieve or estimate original signals from mixture and usually is based on data filtering, data decomposition and grouping or on source modeling. The aim is estimating the mixing matrix which is applied on the input signal to produce estimated values of desired signals y n (t).
Ideal Binary Mask
An ideal binary mask (IBM) is defined in the T-F domain as a matrix of binary numbers. The T-F representation makes it possible to utilize the temporal and spectral properties of speech and is obtained using eg the shorttime Fourier transform or a Gammatone filter bank. The IBM is defined by comparing the SNR within each T-F unit again a local criterion (LC) or threshold measured in units of decibels [6] . Only the T-F units with local SNR exceeding LC are assigned 1 in the binary mask what in mathematically described by formula (3). Where T (j, k) is the power of the target signal, M (j, k) is the power of the masker signal, LC is a local SNR threshold, j the time index, and k the frequency index. The LC value is the threshold for classifying the T-F unit as target or masker and determines the amount of target and masker signal in the processed signal, if the binary mask is applied to the mixture. In the most CASA-based method the LC is set to 0 dB.
To calculate the IBM the unmixed signals must be available, what is problem in real-life application, or the IBM can be estimated from mixed signal using methods based on a Bayesian classification of speech features, pitch continuity information, sound localization cues and others. In picture number 2 are depicted results obtained by IBM which was computed from original (unmixed signals). In the top part of figure is depicted original signal (two seconds long male utterance) and mixed signal which is generated from this original signal by adding babble with SNR 5 dB. Both signal are sampled at 25 kHz and normalized to maximum value of signals. In the middle part is depicted original (lighter color) and output (separated) signal which shows a marked improvement in quality of speech. And finally in the bottom part is shown illustration of IBM where black and white color indicates 1 and 0, and the threshold is set to 0 dB. The whole procedure for acquisition of mask will be described in the next section.
Measures for Intelligibility Assessment
A necessary condition for development of source separation algorithms is the ability to measure the performance or quality of result. In general, the separation quality can be measured by comparing separated signals with reference sources (objective methods) or by listening to the separated signals (subjective methods). Subjective methods are based on ratings by human listeners according to the categories (Excellent, Good, Fair, Poor and Bad) defined in a subjective test and finally the statistical analysis is applied to these ratings to reach value of speech quality. The most commonly used methods for measuring the subjective quality of speech transmission over voice communication systems have been standardized by the International Telecommunications Union and mostly are based on 5 categories.
Objective methods can be classified into intrusive (reference) measures and non-intrusive (non-reference) measures. The intrusive measures compare the output signal (distorted signal) with the original signal, which is usually called the reference signal. The non-intrusive methods do not require a reference signal because the speech quality is determined only by the output speech signal. In general, objective speech quality measures can be categorized into three domains: time domain, spectral domain or perceptual domain. The objective measures are more preferred than subjective measures since they are more convenient and time saving, and can be repeatedly utilized for different input data sets.
A very sophisticated objective measure is the perceptual evaluation of speech quality (PESQ) metric. Procedure to compute this metrics is divided in two stages. The PESQ measure is recommended by ITU-T P.862 for speech quality assessment of 3.2 kHz handset telephony and narrow-band speech codec. The first is a time alignment stage that aligns the separated signal and reference signal. In the next stage a psychoacoustics model is used to calculate an auditory representation of the signals, followed by a cognitive model that calculates final score based on the differences between signals [7] . Formula (4) represents segmental version of SNR (SNRS), what is time domain measure. It is the ratio of energies of the reference signal s(k) and the error between the separatedŝ(k) and reference signal. Symbol k represents index of signal frame and symbol K is the total number of frames. Other objective measure with shows high correlation witch the intelligibility of noisy and timefrequency weighted noisy speech is short-time objective intelligibility measure (STOI) and was presented in [8] .
Very simplified is described by formula (5) where J represents the number of frequency bins, K is the number of frames and d j,k represents correlation coefficient of j th frequency bin of k th frame.
EXPERIMENTS
This section is devoted for experiments which deal with the ideal binary-masked noisy signals. The goal is to show relationships between intelligibility of the output speech, measured by some of mentioned metrics, and some input parameter as IBM computing, input signals or environment. Similar experiments have been already presented eg in [9] but without acceptance of room acoustics and because we have used different dataset of speech, we have decided to make suchlike experiments on our samples. It could be also useful for results comparison and verification of intelligibility measures because in mentioned paper were performance measured by subjective methods. It means we have as well verified performance depending on the local SNR threshold, masker signal type and accuracy of mask.
Speech database
Speech samples were taken from database presented in [10] , which consists of 100 utterances from each one of 34 speakers. This database was primary collected to support the use of common material in speech perception and automatic speech recognition studies but it was also used in the different signal processing tasks. Sentences are simple, syntactically identical phrases such as "place red at C 1 now". The noisy samples were taken from AURORA database [11] , which was developed primary for performance verification of algorithms for adaptive noise cancelling. It contains noisy samples from different places eg: car, restaurant, exhibition hall or airport. All have been recorded at 20 kHz and then downsampled to 8 kHz. Room acoustic was modeled by room impulse response generator [12] and is based on image method. Generator enables the user to control the reflection order, room dimension and microphone directivity. This way generated response in then used for create reverberant signal from original "clean" signal
Signal processing
The IBM was computed from three types of signals: the target signal, the masker signal and the resulting mixture. It means the IBM was not estimated directly from resulting mixture as it is in real applications because the experiments are focused only on the binary masking technique and not on estimating on IBM. The same concept is presented as well in [9] . As were mentioned earlier the IBM technique is based on T-F representation of signals. That is the reason why the signals are divided into 20 ms frames with 50 % overlap between frames in the first step. Next the fast Fourier transform (FFT) is used to transforms frames into frequency domain. In this point the T-F representation is done. A local value of SNR of each T-F unit is determined by comparing energies between target and masker. The result value is compared again a threshold value T to determine whether to retain the T-F unit or to eliminate it. For separating target signal from mixture is then the magnitude spectrum multiplied by computed IBM and the inverse FFT is applied to this modified spectrum. Speech is synthesized in each 20 ms frame using overlap-and-add method.
Analyses
As was mentioned earlier a procedure for acquiring of IBM is based on comparison of the local SNR and the threshold. That is the reason why first was analyzed the impact of threshold value on intelligibility, The local SNR threshold T was varied from −50 dB to 20 dB for two input signals which were corrupted by babble noise (masker signal). The SNR of input (mixed) signal was set to 5 dB and −5 dB. Changing of the threshold affects the amount of energy how much the original signal have to exceed masker signal to mark current T-F unit as one. Achieved results are depicted in Fig. 3 and show expected trend which can be compared with results presented in [9] . What is important is plateau region around 0dB and gradual decline of intelligibility with increasing or decreasing of the T . In case when the threshold is set to 0 dB only those T-F units are retained in which is energy of the original signal higher than energy of masker signal. Increase of the T causes that less T-F units are retained because the difference between energies of original and masker signal has to be higher than in case of lower threshold value. On the other site, decrease of the T causes that more T-F units are retained. But the problem is that there are also retained units where masker signal energy is higher than original signal energy. The plateau region in a similar experiment in [9] was chosen from −25 dB to 5 dB and in presented analyze it is from −10 dB to 5 dB. This difference could be caused by different sound samples. Interesting is also comparison of trends of individual evaluation measures which are very similar although in [9] were used the subjective measures and in this analyze the objective measure.
Another question is how exactly should be estimated the IBM in order to do not affect the intelligibility. So this is the reason why we decide to analyze intelligibility depending on the mask error. And because the IBM was computed directly from input signals (not estimated from mixed signal) the error was inserted artificially. The advantage of it is that the total error value in the IBM can be controlled very exactly. The mask error means how many percent of T-F units is labeled wrongly (ie, 0 was labeled as 1 and vice versa). In case of 10 %-error condition were 10 % of T-F units re-labeled. At the beginning the IBM was created the same way as in the previous analysis. In the next step specific count of T-F units was labeled again but with opposite value, what represents an error. The indexes of these re-labeled units were selected randomly. In this analyze the amount of error was varied from 0 % to 40 % with 5 % step. This way changed mask was then used to separate the same signals as in the previous analyze. The achieved results are shown in Fig. 4 . The intelligibility of separated signal decreasing with increasing error value what is an excepted trend. Interesting is finding that this trend is nearly linear and for all evaluation measures is similar. From results can also be seen that quality of input signal (measured as SNR) influences the intelligibility of separated signal in form of offset. All previously presented analyses used for masking only multi-talker babble, but the origin of masker can also have strong impact on performance as was presented in many previous articles. We decided to verify this argument using samples from AURORA database [12] and using speech of other speakers. Our goal was show how the origin of the masker signals can affect overall intelligibility of IBM-processed mixtures and to verify if all chosen objective measures exhibit equal trend with changing of masker signal. It is also interesting to observe whether the IBM technique is more effective when the masking has informational and energetic components or when the masking is purely energetic (noise). The IBM was generated from mixtures masked by six different masker signals: multi-talker babble, speech (one speaker), speech (two speakers), and noise in car, noise at airport and noise at station. The values of these maskers were set to −5 dB and 5 dB SNR and local threshold value was set to 0 dB. Achieved results (evaluated by SNRS, PESQ and STOI) are summarized in Tab. 1 and show that the IBM technique is more effective, in terms of improving intelligibility, when target speech is masked by speech that when it is masked by noise. Interesting is finding that multitalker babble had nearly equal effect like noise although it is composed of human speech. The best results, for all presented intelligibility measures, were achieved when the target signal was masked by speech of one speaker. Adding other speech of different speaker into masker signal caused decrease in speech intelligibility. The intelligibility of processed mixtures masked by noise was nearly equal, only the noise form station had a little bit stronger effect when the intelligibility was measured using SNRS. Otherwise all presented measured showed the same trend.
In all previously presented analyses have not been taken account the environment in which the sound propagates. However, this environment can have a significant effect on the signal, eg reflections, therefore the following analysis deals with the impact of reverberation time on the overall quality. Using the room impulse generator [12] was created imaginary testing room which was described by its impulse response and served for affecting the initial signals (without reflections). Reverberant speech samples were generated by convolving anechoic speech corrupted by noise at different SNR levels with impulse response of testing room. In an effort to minimize the effect of magnitude indeterminacies, the root-mean-square value of all speech signals was equalized to the same root-meansquare value. The results presented in Fig. 5 were obtained at constant distance between the source and the receiver (1 m), for two different SNR values (−5 dBbrighter color, 5 dB -darker color). The test room dimensions was set to 6 × 3 × 4 meters (length × width × height), the number of samples of the room impulse response was 1024, high-pass filter was disabled, maximum frequency order was not used, and reverberation time was varied from 0.1 to 0.6 second. All intelligibility measures show the same trend: their value decrease with increasing of reverberation time. This trend is expected because with the increasing value of RT 6 0 is raised also amount of reflected energy which affects the direct part of signal. The PESQ score is inversely proportional to the reverberation time but the sensitivity is not very large. It was changed from 2.42 to 2.28 for 5 dB SNR. Note that the PESQ score was not developed to determine the speech quality in a reverberant environment. But it in [13] a good correlation between this measure and subjective evaluation of intelligibility of reverberant speech was shown. Better sensitivity on change of reverberation time show SNRS which was changed from −2.2 dB to −7.1 dB (5 dB SNR) for analyzed values of RT 60 . The short-time objective intelligibility measure also exhibits the comparable sensitivity, from 91 % to 81 % for 5 dB SNR. The noise in inputs signals manifests like offset as in the previous experiments. This analysis is closely related to the following analysis because instead of changing reverberation time was varied the distance between the source and receiver. All other parameters necessary for generating room impulse response was the same and the distance was varied from 0.5 m to 3 m. Achieved results are depicted in Fig. 6 and were done for two values of RT 60 : 300 ms and 600 ms (brighter color). Same as above the rootmean-square value of all speech signals was equalized to the same root-mean-square value to minimize the effect of magnitude indeterminacies. Expected dependence between intelligibility and distance between source and receiver is reduction in intelligibility with increase in distance. This trend can be observed in Fig. 6 so our experiments meet expectations. The decrease is caused by decrease of energy of direct part of signal if the distance is increasing.
Experiment also shows how the reverberation time can affect intelligibility of speech when the distance is changing. For RT 60 set to 300 ms the separation procedure shows better performance (or intelligibility of separated signal) in comparison with RT 60 set to 600 ms. This fact confirms our previous experiments (depicted in Fig. 5 ) which show that intelligibility is inversely proportional to the reverberation time. When we compare all evaluation measures we can see that the most sensitive measures is STOI, but for overall evaluation is it important that all measures show the same trend. The PESQ score is decreasing from 3.06 to 2.41, the SNRS from −1.38 dB to −3.55 dB, the STOI from 96.3 % to 73.3 % for distance varying from 0.5 m to 3 m and RT 60 set to 300 ms. For higher values of reverberation time are these measures shifted to lower values.
Because of room impulse response generator [12] takes into consideration the microphone type (or microphone directionality) the last experiment was focused on analyzing impact of microphone directionality on speech intelligibility. Different kinds of polar patterns are implemented in this generator and can be chosen using input parameter. The signal attenuation A(θ), where θ denotes the directional of arrival, is calculated using formula (6) . The polar pattern is controlled by parameter ? and is described in Tab. 2. The angle in which the microphone is pointing can be adjusted by external parameter but in our experiments the microphone pointed towards the positive x-axis.
The last analyze was done with the same basic parameters as two experiments above, it means: room dimension, number of samples and disabled high-pass filter. The distance between source and microphone was constant and set to one meter, the reverberation time was 300 ms and 600 ms and microphone directionality was varying from 0 to 1. The microphone type can also have impact on overall intelligibility because parameter ?, used to specify microphone directionality, affects amount of reflected energy which is recorded by this microphone. So if the directionality is increasing the amount of reflected energy is also increasing and intelligibility is decreasing. Achieved results are depicted in Fig. 6 for two different RT 60 values: 300 ms and 600 ms (brighter color). As we could see the RT 60 had the same effect to the intelligibility as in Generally we can say that chosen type of microphone has impact on overall intelligibility of separated speech but its sensitivity is not very strong as we can see in Fig. 6 . The top score for PESQ is 2.81 and the lowest score is 2.55, for SNRS the top is −1.9 dB and bottom −2.2 dB and for STOI is the top 89 % and bottom 81 %, all for RT 60 set to 300 ms. This sensitivity could be also affected using other parameters (room dimension, distance between source and receiver), not only using RT 60 because all these have impact on reflections.
DISCUSSION
The present study extended and replicated the findings and analyses presented in [9] . There are a number of differences and a number of similarities between the procedures and the results of the two studies. The main difference was in evaluation of intelligibility since in this study were used objective methods instead of subjective methods. Generally are these methods less accurate so for higher credibility three different approaches (measures) were used. Although the PESQ measure assesses overall loudness differences between input and processed signal it has been shown good correlation with subjective ratings, eg in [14] . Other used measure was STOI also with good correlation with subjective ratings and last one was SNRS. The SNRS was used only for check because it is based on totally different approach, belongs to basic measures and generally is used for measuring speech quality not intelligibility. We have assumed that if the intelligibility performance curves (especially PESQ and STOI) have the same trend than this trend would be similar with the curve achieved using subjective methods.
Experiment 1 verified how value of local threshold affects intelligibility. The results are nearly the same as in similar analysis in [9] . The difference is only in plateau region, in our experiment it was chosen from −10 dB to 5 dB, what could be caused by different data set. The second experiment showed dependence on accuracy of binary mask. The pattern of performance was similar for all three measures and also for different value of noise. Scores were high when binary mask error was near 0 % and dropped thereafter. Next experiment confirmed fact that the IBM technique is more effective when desired speech is masked by speech than when it is masked by noise. It means this technique is more effective by informational masking than by energetic masking. All other experiments were focused to reveal impact of room acoustic on intelligibility performance. Using room impulse generator was created responses for different values of reverberation times (varied from 0.1 s to 0.6 s) and different distances between source and microphone (varied from 0.5 m to 3 m). Achieved results showed how intelligibility performance gradually decreasing with increasing values of these parameters for all three measures. This fact could be caused by dependence of energy of reflected sounds on these parameters. Therefore, for a greater distance or reverberation time the energy of these reflected sounds is increasing and affecting the input signal, what is the reason why the intelligibility decreasing. With energy of reflected sound is also connected directivity of microphone used for recording, what was the last analysis. Outcomes showed that using the microphone with higher directivity positively affects indelibility of separated signal.
CONCLUSION
By measuring intelligibility of ideal binary-masked speech (usually corrupted by noise or reflections), we have shown how this intelligibility depends on parameters such as: local threshold value, amount and origin of noise in the input signal, accuracy of the mask estimation, dimensions of room and distance between source and receiver, reverberation time and directionality of microphone. For evaluation of intelligibility we have not chosen subjective measures as it was presented in many previous studies but objective measures, because of these are less time consuming and can be repeatedly utilized for different input data sets (but less accurate). To minimize this disadvantage we have used three different objective metrics: SNRS, PESQ and STOI. For achieving of impact of room acoustics we have used RIR generator and based on desired parameters we have generated impulse responses which have been applied on origin mixtures. By applying IBM processing on this way modified mixtures, we have extended the findings presented in [9] showing similar analysis without acceptance of room acoustic but evaluated using subjective methods.
